Retinopathy of prematurity (ROP) is a vascular disease in premature infants. This is characterized by abnormal vessel growth and subsequent fibrosis in the peripheral retina. The prognosis of ROP relies on information on the presence of abnormal growth and their location. Diagnosis is based on a series of images obtained with a wide field of view camera (such as RetCam), to capture the complete retina. In this paper, we present a novel and efficient hierarchal mosaicing algorithm, for neonatal images of varying quality. We employ a vessel-based quality metric and exploit the knowledge of the retinal structure to automatically select a subset of images from a given set, to construct a good quality mosaic. Such mosaics can aid the assessment of ROP by providing a comprehensive and complete view of the entire retina. The hierarchal approach underlying the method makes it possible to complete the mosaicing task in close to real time. The proposed method has been tested on 14 sets of data with each set consisting of 6-35 retinal images acquired using RetCam and the generated mosaics are found to be of good quality as validated by a clinical expert.
INTRODUCTION
Vascular development is complete in a normal mature baby, whereas the retinal blood vessel development continues even after birth in case of premature babies. Due to unfavorable conditions outside the mother's womb, this development can get deranged leading to abnormal retinal vascular development. This in turn triggers bleeding inside the eye, scar tissue growth and retinal detachment in the eye known as retinopathy of prematurity (ROP). As this disease is usually seen in both eyes, this is a potentially blinding condition if it is not treated in the early stage [1] . ROP is assessed using retinal images acquired using a special wide field of view camera (RetCam is an example). The complete retinal surface is captured using multiple images (views). In premature babies, imaging is difficult and the quality of acquired images is often poor due to pathological and other acquisition-related reasons. A number of parameters are used in ROP assessment [2] to estimate the prognosis and plan the treatment. The key information of interest are the vessel structure and the extent of vessel growth.
Staging of ROP requires scrutiny of the entire posterior zone in addition to the vessel tortuosity and dilation information. Current clinical practice involves mostly a manual procedure since most of the work in automated image analysis has focused only on quantifying the vessels in certain zones around the optic disk, using neonatal retinal images. Many methods (see [3] for a good review) have been proposed for interactively measuring the tortuosity and dilation of the posterior vessels. ROPtool and RISA [3] are examples of interactive tools developed. They are able to achieve high sensitivity and specificity in quantifying vessels using retinal images captured with RetCam. Both these methods rely on a good quality retinal image which is selected manually, from a set of captured images. The main limitations of the current ROP assessment procedures are all vessels in the posterior zone may or may not be visible in a single image. In such cases, even though all the required information is present in the set, these tools cannot be used as they require a single image as input. The acquired multiple views can be of high to poor quality at each location and the selected image may not contain the complete information about all the regions. Hence, others views are manually selected for obtaining the missing information. This is a laborious process and highly subjective in nature. Therefore, creation of a mosaic is of interest.
The aim of this work is to automatically create a good quality mosaic of the complete neonatal retina from a set of images acquired by RetCam type of wide-field camera. The mosaic has to capture the best available information for all the regions that have been imaged. Such a mosaic can facilitate both ROP diagnosis and its staging. We also aim to develop a technique that is fast enough so that it can provide visual feedback to technicians and prompt them to recapture regions which are not visible.
BACKGROUND
The key steps in any mosaicing algorithm are image registration, global alignment and blending of multiple images. Medical image registration has been an active research problem. In the context of adult retinal images, feature based methods are popular for image matching. Features include a Speed Up Robust Features (SURF) [4] and a variant of SIFT called msift [5] . By incorporating the color information in SIFT, robustness to color variations was achieved. A dual-bootstrap iterative closest point algorithm for matching was proposed in [6] which starts with a low-order estimate of the transformation which is accurate for a small region and an iterative refinement is done by expanding the region. A graph matching based approach has also been attempted [7] where a vessel structure graph is constructed using bifurcation points. For aligning multiple images, two main categories of algorithms have been proposed: global and sequential methods. In the former, the overall registration error between all the images is globally optimized and all the transformation parameters are simultaneously estimated [8] . In the latter category, the approach is to register an image to another image or a mosaic. In image-to-image alignment, typically, an anchor image is selected and the remaining images are registered directly or indirectly (using intermediate images) to the anchor. The overall registration error is optimized using graph algorithms with images as nodes and the registration error as the edge weights [4] [9] . In the case of image-tomosaic registration, all images are registered to the mosaic one by one and the mosaic is updated after each step.
Mosaic construction from RetCam images pose several inherent challenges. Firstly, the acquired images of neonatal retina are of poor spatial resolution, variable quality and contrast as opposed to images acquired from adults. Secondly, given the difficulty in imaging a neonatal retina, different degrees of blurring (due to motion for example) are introduced in each image. Additionally, the overlap between the images is variable. Consequently, finding accurate matches using the popular descriptors is difficult. Thirdly, finding a global optimum or constructing a graph as in existing approaches is computationally intensive for the current problem as the number of acquired images can be large. To the best of our knowledge, no approach has been previously proposed for registration or mosaicing of neonatal retinal images.
In this paper, we address the above challenges and propose a hierarchal, hybrid approach for mosaic construction. This method is novel in three aspects. The matching of low quality and low overlapping set of images is posed as a dense correspondence problem and achieved using Radon transform based descriptor [10] proposed earlier for high resolution adult retinal images. Secondly, we gain significant reduction in computation by utilizing region based partitioning using the domain knowledge to enable handling of a large set of images. Thirdly, a final blending stage is included to fuse and improve the vessel definition information.
METHOD
Given a set of retinal images captured from different view points, our aim is to combine the information of the regions present in multiple views and create a good quality mosaic. A hierarchal approach is proposed for spatial alignment to achieve fast mosaicing. The computational steps are: 1) Partitioning -The given input image set of size N is partitioned into L disjoint sets (according to the region captured); 2) intermediate mosaic generation -an anchor image is chosen in each subset which is of best quality. All the images in that subset are registered to its anchor image and fused to create a set of intermediate mosaics. Fusion employs a blending mechanism which selects information based on a local quality metric 3) Final mosaic generation -Step (2) is repeated with the intermediate mosaics as input. The algorithm is presented in detail next. Fig.1 shows a schematic diagram of the proposed approach with a sample set of images. 
Partitioning
Given a set of colour images it is partitioned into disjoint sets. Formally, given S = {In; n = 1, 2..N } is partitioned into S l ; l = 1, 2.., L ≤ N ; S l corresponds to a distinct region of the retina. In is taken to be a vector valued function in all our computations. The partitioning method is based on the location information about the optic disk and the vessels. The aim of such grouping is to have maximum amount of overlapping information among images in a set, for accurate transformation estimation. A simple optic disk (OD) detection algorithm was designed to aid partitioning. This algorithm captures the color discontinuity at the boundary and accurately detects the OD even in the case of blurred and low contrast images.
An annulus-shaped template is used for OD detection. Let Ri and Ro be the inner and outer regions of the annulus. The radii of these regions were chosen empirically to be such that the boundary of OD lies in the annulus. At every point p in the image, the template is centred at p and the local maximum is determined within Ri. This is computed in the RGB space and denoted as Cp. Next, the pixel value variation relative to Cp, within the template is computed as follows:
where r is the position vector and x is the L2 norm of x. This function will be a maximum when p is at the OD center. The OD detection was performed on a sub-sampled image to speed up computations. Once the OD center is found, its position is used to derive 5 partitions as follows: S1 is the set of OD-centric images while S2 to S5 are the sets where OD is at the left, right, top and bottom, respectively, of the image. Images in S which do not contain OD can belong only to Sn; n = 1. The correct set membership is determined based on the exact location of blood vessel(s) in the peripheral region of the image and the domain knowledge. The retinal vessel network have a unique pattern as they radiate in a parabolic fashion from the OD in two main (nasal and temporal) directions. The next step is intermediate mosaic generation. This task requires selecting good quality images. Hence, we describe the quality assessment strategy.
Image quality assessment
The definition for quality of an image is task dependent. Since the primary structure of interest in ROP is the vessel network, assessing image quality based on definition of vessels within, was considered appropriate. Specific features of interest are the sharpness and contrast of the vessels which is assessed using a multi-scale ridge strength measure based on the Hessian [11] computed on the green channel. The ridge strength calculated at any point signifies the sharpness of the boundary of the vessel. In blurred regions, the transition at the boundary is smooth and hence the ridge strength is low. A vesselness measure V is defined as
where u and v are the principal directions at p and Luu, Lvv are the principal curvatures. Sample patches and their V maps are shown in Fig.2 . In our problem, two scenarios arise where quality assessment is needed: a global level comparison of two loosely aligned images and a local level comparison of corresponding patches of two accurately registered images. In the global comparison scenario, the images are loosely aligned and the overlapping regions nearly represent the same region. Hence, the sum of the values in V (p) in each of the overlapping regions can be used to assess the quality. A high value indicates good quality. A similar approach can be used for comparing patches in two registered images. As these image patches represent exactly the same region, a more accurate quality comparison can be achieved. In Fig. 2 , corresponding patches from two registered images and their V maps are shown. It can be clearly observed that the sum of pixels values in V would be high for the patch with sharp and high contrast vessels.
Pair-wise Registration
A preliminary task in mosaic construction is to accurately estimate the transformation between the given pair of images. The strategy we use is adapted from the approach we proposed for matching multi modal retinal images in [10] . Here, vessel bifurcation points are taken as interest points and located using the entropy of the curvature orientation histogram of a patch around a point. These interest points were inadequate to establish correspondences in RetCam images due to variable quality of the image pairs. A modified approach was designed for finding the interest points Pj. A determinant based Hessian (DOH) is computed at various scales and the scale-space maximum is found using automatic scale selection. Pj are found by thresholding the DOH. A low threshold is chosen to obtain a large number of interest points. These are primarily near the vasculature. A Radon based descriptor [10] is computed for each Pj by computing the Radon transform of a patch around Pj and row ordering the result. We choose to do this on the corresponding vessel map rather than the given image to minimize the effect of illumination changes. A bilateral matching scheme is used to find the initial correspondence. Solving a quadratic transformation model directly, with the original correspondence leads to many errors. Hence, a coarsefine approach is applied to find the accurate transformation. First, MLESAC is used to refine the correspondence by rejecting the outliers with an affine transformation assumption. Next, the transformation estimation is refined with a quadratic assumption on bi-lateral matched results which satisfy the affine transformation.
Image Mosaicing
The procedure for mosaicing is described in Algorithm 1. A key step in this algorithm is the fusion step required as part of step 4. Consider a pair of registered images F1 and F2 with overlapping regions Fo1 and Fo2, respectively. The task at hand is to fuse them. The multi-band blending technique in [12] is used. A 6-level Laplacian pyramid is constructed for each Fi. A mask M is derived for blending the overlapping regions Fo. The blending mask provides the key for choosing the laplacian value for Fo depending on the quality of an image (measured as described in 3.2) relative to the other. Thus, if quality of Fo1(p) > Fo2(p) then the laplacian of Fo1(p) is chosen and vice versa. The Laplacian pyramid for the blended region is constructed by applying the mask at every level. The non-overlapping regions are retained in the final mosaic. Reconstructing the image with this laplacian, results in a good quality image with continuous and smooth edges.
After combining all the images in every subset S l we have five intermediate mosaics. Now the problem of registering arbitrary number of images of various views is converted into registering these intermediate mosaics which have more spatial information and also possibly are of better quality than a single image. These intermediate mosaics are combined in a similar fashion. Images with the optic disk at the center (in set S1) tend to be of good quality and have high overlap with the other the mosaics. Hence, the intermediate mosaic created from S1 is chosen as the anchor image for the final stage. The rest of the mosaics are registered to the anchor 
EXPERIMENTS AND RESULTS
The proposed approach was tested on 14 sets of neonatal retinal images (of size 640×480 each) obtained from various local hospitals. For each eye, 6-35 views were acquired with RetCam camera. All the cases had been diagnosed by experts as belonging to different stages of ROP. Fig. 4 shows the result of our algorithm applied to a set 9 images of which 7 images were selected by the algorithm for the final mosaic. The result of blending two sample registered images is shown Fig. 5 . We can observe that the blended result has vessel structures which are a) present in both the input images and b) present only in one image. Specifically, the vessels present only on the right side of Image 1 and left side of the Image 2 are captured in the blended result. The overall quality is also maintained. A key feature of the proposed algorithm is that it is very fast compared to traditional graph based approaches since very few pair-wise registrations are needed. This is demonstrated by comparing the time required for computations in the two approaches. These are listed in Table 1 . Here, R is the unit time taken for registering two images and M is the time taken for registering two intermediate mosaics. For our algorithm, R was 35-50 sec and M was 75-90 sec on a dual core 2.2 GHz Processor with 2GB RAM. A graph based method needs to compute the registration for all possible pairs and hence requires O(n 2 ) registrations for combining n images where as in our algorithm, the required registrations are in O(n) and the upper bound on the number of mosaic-mosaic registrations is determined by the number of partitions L which is 5 for our algorithm. 
CONCLUSION
In this paper, we have proposed a method for neonatal retina for automatically creating a good quality mosaic of the complete retina. The mosaiced image shows a much wider field of view of the retina with better vessel structures and helps the experts in classifying ROP. The field of view in the final mosaic depends on the availability of adequate quality images. For instance, the mosaic (validated as correct by an expert) shown in Fig. 6 was constructed from a set of 31 poor quality images, of which only 15 views were selected and combined by the algorithm. It is clear that some part (top) of the retina is missing. Such visual feedback can prompt the operator to redress the missing region by reacquiring their images. In the future, our focus will be on improving the fusion mechanism to combine the information more effectively from even poor quality images. 
